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Abstract
Background: Marginal and multilevel logistic regression methods can estimate associations between hospital-level
factors and patient-level 30-day mortality outcomes after cardiac surgery. However, it is not widely understood
how the interpretation of hospital-level effects differs between these methods.
Methods: The Australasian Society of Cardiac and Thoracic Surgeons (ASCTS) registry provided data on 32,354
patients undergoing cardiac surgery in 18 hospitals from 2001 to 2009. The logistic regression methods related 30-
day mortality after surgery to hospital characteristics with concurrent adjustment for patient characteristics.
Results: Hospital-level mortality rates varied from 1.0% to 4.1% of patients. Ordinary, marginal and multilevel
regression methods differed with regard to point estimates and conclusions on statistical significance for hospital-
level risk factors; ordinary logistic regression giving inappropriately narrow confidence intervals. The median odds
ratio, MOR, from the multilevel model was 1.2 whereas ORs for most patient-level characteristics were of greater
magnitude suggesting that unexplained between-hospital variation was not as relevant as patient-level
characteristics for understanding mortality rates. For hospital-level characteristics in the multilevel model, 80%
interval ORs, IOR-80%, supplemented the usual ORs from the logistic regression. The IOR-80% was (0.8 to 1.8) for
academic affiliation and (0.6 to 1.3) for the median annual number of cardiac surgery procedures. The width of
these intervals reflected the unexplained variation between hospitals in mortality rates; the inclusion of one in each
interval suggested an inability to add meaningfully to explaining variation in mortality rates.
Conclusions: Marginal and multilevel models take different approaches to account for correlation between
patients within hospitals and they lead to different interpretations for hospital-level odds ratios.
Background
Over the past two decades there has been a dramatic
growth in the publication of cardiac surgery outcomes
research. Many recent studies have examined the impact
of hospital, physician, and process-related characteristics
on outcomes for hospitalized patients who have under-
gone cardiac surgery [1-8]. By virtue of their observa-
tional design, these studies rely heavily on the use of
regression modelling to remove the effects of confound-
ing variables [9-11]. Data from these studies usually have
a two-level structure of patients within hospitals, a famil-
iar structure in epidemiological studies [12,13].
It is generally recognised in many areas of the social,
medical and other sciences that data arise in complex mul-
tilevel structures, for example responses from individuals
who are grouped together in communities or institutions.
An understanding of appropriate analytical methods is
vital for researchers in fields such as education, epidemiol-
ogy, geography, child growth and social surveys, among
others. There is a rich literature on analytical methods for
two-level data structures with particular emphasis on mul-
tilevel [14-17] and marginal [14,17] models. These meth-
ods have subtle differences in interpretation when applied
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nal studies [18,19], to cluster randomised trials [20], or, as
focussed on here, to observational studies in which indivi-
dual responses are correlated due to a shared environment
or process the nature of which may only in part be
measurable.
Ordinary (single level) logistic regression is usually
inappropriate for patient-within-hospital outcomes
because it assumes all outcomes are independent
[21,22]. Patients within a given hospital typically tend to
be more alike than patients across different hospitals in
measured and unmeasured characteristics predictive of
outcome, for example socio-economic status. Further, at
the hospital-level, the implementation of specific quality
assurance programs (such as treatment protocols and
critical care maps) may result in less heterogeneity in
the use of evidence-based therapies for patients
admitted to a particular hospital [23]. Ignoring the clus-
tering present in multilevel data, as occurs in ordinary
logistic regression, results in an artificially inflated num-
ber of independent observations at the hospital level of
t h eh i e r a r c h y ,a n dh e n c ei sl i k e l yt ou n d e r e s t i m a t et h e
magnitude of the standard error for the effect of hospi-
tal-level characteristics. Marginal and multilevel statisti-
cal techniques have been developed to deal with data
arranged in a natural hierarchy [15,16,24]. Ordinary and
multilevel models have been used to investigate whether
the choice of statistical methods affects which hospitals
are classified as high- and low-performance outliers in
t h ep u b l i c l ya v a i l a b l ed a t aa tt h eN e wY o r kS t a t e ,
Department of Health, Coronary Artery Bypass Graft
(CABG) Surgery Report Card [25]. In the context of
patients-in-hospitals two-level data, marginal [26] and
multilevel logistic regression [27,28] have been used to
examine the impact of risk factors on outcomes when
adjusting for differences in patient and hospital charac-
teristics. The interpretation of effect estimates differs for
marginal and multilevel models for binary outcomes and
this is understood when interpreting patient-level risk
factors [29,30]. Not so widely appreciated is how the
interpretation of hospital-level effects also differs
between these models. Further, multilevel logistic
regression offers additional parameters, the median
odds ratio (MOR) [31,32], and 80% interval odds ratios
(IOR-80%) [31,32], that can help to shed light on hospi-
tal-to-hospital variability in outcome and the impact of
hospital-level risk factors, respectively.
The aim of this study was to apply ordinary, marginal
and multilevel logistic regression models to 30-day mor-
tality outcomes of 32,354 patients in the Australasian
Society of Cardiac and Thoracic Surgeons (ASCTS) reg-
istry in order to compare the three methods with the
focus on the interpretation of hospital-level risk factors.
Methods
Patient population and data
The Australasian Society of Cardiac and Thoracic Sur-
geons (ASCTS) is responsible for a registry of cardiac
and thoracic surgery in Australia covering nearly half of
the country’s private and public cardiothoracic surgical
units.
Data was collected on all patients undergoing cardiac
surgery between July 2001 and June 2009 in 18 hospitals
in Australia. In each hospital, a data manager was
responsible for the completeness of the data collection.
All data was verified on receipt by the co-ordinating cen-
tre which followed up on queries about missing data,
outliers or inconsistent reports. The data was validated
locally and also by an external data quality audit pro-
gram. This program was performed on-site to evaluate
the completeness (2.4% missing value) and accuracy of
the data collected within the combined database [33].
The ASCTS registry collected information on patient
preoperative risk factors (including preoperative cardiac
status and previous interventions), intra-operative details
(including the procedure performed, myocardial protec-
tion and procedural duration), complications and post
operative outcomes. In this study, the outcome variable
was mortality within 30-days of cardiac surgery. This
information was collected by the data managers by con-
tacting medical practitioners, patients or family members
by telephone as part of clinical care.
This research project was undertaken following
approval from the ASCTS Research Committee which
governs access to data from the registry. Ethical
approval for the use of de-identified registry data for
secondary research purposes such as this project had
previously been provided by each participating institu-
tion’s ethics review committee.
Patient and hospital level characteristics
Patient-level characteristics in the registry included: age,
gender, the New York heart association (NYHA) class,
urgency of procedure, ejection fraction estimate, lipid-
lowering treatment (hypercholesterolaemia), preoperative
dialysis, previous cardiac surgery, procedure type, inotro-
pic medication (inotropes), peripheral vascular disease,
and body mass index (BMI) [34]. Two hospital-level
characteristics were assessed, namely academic affiliation
(teaching or non-teaching status) and the median across
2001-2009 of the annual number of cardiac surgeries.
Academic affiliation of the 15 teaching hospitals and 3
non-teaching hospitals did not change throughout the
study period. All patient and hospital characteristics were
included in analysis as categorical risk factors except the
median annual number of cardiac surgeries which was
continuous.
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Ordinary, marginal and multilevel logistic regression
Logistic regression [35] was used to assess the influence
of risk factors on 30-day mortality. Let pij be the prob-
ability and
pij
1 − pij
the odds of death for patient j in hos-
pital i. The equation of the ordinary logistic model was
log

pij
1 − pij

= β0 +
R
 
k=1
βkXijk (1)
where the Xijk’s represent a patient’s values of R risk fac-
tors, and b1...bR are regression coefficients corresponding
to each risk factor. For a given risk factor, its coefficient bk
is the log odds ratio corresponding to a 1-unit difference
in continuous Xk or, if a risk factor is an indicator, for
example of peripheral vascular disease (1 if yes, 0 if no),
then bk is the log odds ratio comparing the effect on mor-
tality of the risk factor’s presence with its absence. Expo-
nentiating bk (eβk ) gives the corresponding odds ratio, OR.
In ordinary logistic regression hospital characteristics are
treated the same as patient-level risk factors, and patient
outcomes Yij are assumed to be independent binomial
variables with mortality probability pij.
A model based on generalized estimating equations,
GEE [36], may also be used for analysis of patient mor-
tality outcomes. For this, equation (1) is combined with
the following assumptions: firstly as before the probabil-
ity of Yij = 1, a death, is pij and Yij has binomial variance
pij(1-pij) .S e c o n d l y ,i ti sa s s u m e dt h a tp a t i e n t sw i t h i na
hospital have correlated outcomes but patient outcomes
in different hospitals are independent, i.e. have zero cor-
relation. An exchangeable working correlation structure
in the GEE estimation process assumes that pair-wise
correlations between patient outcomes within the same
hospital are equal and can be represented by the para-
meter r.
The GEE method includes the calculation of robust
estimates for the standard errors of the regression coef-
ficients that ensure consistent inference even if the cho-
sen working correlation structure is incorrect or if the
strength of the correlation between patient outcomes
within the same hospital varies somewhat from patient
to patient.
Multilevel logistic regression [15] assumes that each
hospital has its own underlying mortality probability
and this varies from hospital to hospital. Specifically, a
logistic regression for patients includes an additional
term ui, a hospital-level random effect, as a predictor
variable:
log

p∗
ij
1 − p∗
ij

= ui + β0 +
R
k=1 βkXijk (2)
Note that p∗
ij in this model is the conditional probabil-
ity that patient j in hospital i died, and here the prob-
ability depends on the value of the random effect, ui, for
that hospital. ui is the totality of measured and unmea-
sured hospital-level variables that predict mortality and
are uncorrelated with the individual and hospital-level
predictor variables in the model. In other words ui
represents the combination of omitted hospital-level
variables.
Variation in the mortality propensity between hospi-
tals is accommodated by assuming a normal distribution
for ui with mean zero and variance τ
2.Ah o s p i t a lw i t h
ui = 0 can be thought of as having “average” (compared
to other hospitals in the population) mortality probabil-
ity (on the log odds scale). Higher values of τ
2 indicate
greater heterogeneity in mortality among hospitals. By
including ui in the model as a random effect, the inter-
dependencies among patients within hospitals are expli-
citly taken into account.
Odds ratio interpretation in ordinary, marginal and
multilevel logistic regression
The interpretation of the odds ratio for patient-level risk
factors (e
b) in ordinary logistic and marginal models is
the same, but differs from the interpretation in the mul-
tilevel logistic model [29]. The marginal models estimate
population-averaged (or population-marginalized) para-
meters [30]. In a marginal model, odds ratios character-
ize the effect of predictors on the population as a whole,
averaged over ui, rather than on a typical hospital [30].
Odds ratios in a marginal model represent, across all
hospitals, differences in mortality between all patients
with one value of a risk factor to all patients with the
other value.
In multilevel models, for patient-level variables, the
usual odds ratio interpretations apply for comparisons
of patients within the same hospital; for example, a
body mass index (BMI) effect may be interpreted as an
odds ratio between a patient with BMI < 25 and a
patient with BMI > 25 belonging to the same hospital
and with the same covariates, except for BMI.
Odds ratios for hospital risk factors in marginal mod-
els are interpreted as the odds of mortality for hospitals
with one value of the factor compared to hospitals with
another value of the factor. For example, the odds of
30-day mortality for non-teaching hospitals compared to
teaching hospitals.
However, the odds ratio for a hospital-level risk factor
in multilevel logistic regression has a different interpre-
tation, namely the odds of mortality for hospitals with
one value of the factor compared to hospitals with
another value of the factor but with the same value of
random effect. For example, the odds of 30-day mortal-
ity for a patient treated at a non-teaching hospital
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the same value of ui. Because of this difficult interpreta-
tion an additional parameter, the 80% interval odds ratio
(IOR-80%), has been developed and is described later in
this paper.
The OR for a risk factor in a marginal model is
adjusted for the other risk factors included in Xijk.I na
multilevel model the ORs are additionally adjusted for
unobserved hospital-level characteristics via the random
effect. Due to a mathematical property called non-col-
lapsibility of the odds ratio, the odds ratio for a risk fac-
tor from a multilevel model is likely to be further from
the null value of one than the odds ratio for that risk
factor from a marginal model [37].
Intra-class correlation coefficient (ICC)
The fundamental reason for applying special statistical
techniques in multilevel analys i si st h el i k e l ye x i s t e n c e
of intra-class (intra-hospital) correlation arising from
similarity of mortality risk of patients of the same hospi-
tal compared to those of different hospitals. Patients
operated on at the same hospital may be more similar
to each other than patients operated on in other hospi-
tals, as they share a number of economic, social, and
other characteristics that may condition similar health
status beyond what can be adjusted for by patient-level
covariates.
The total variance in the outcome variable is the sum
of patient-level and hospital-level variances. In multilevel
logistic regression however, the patient-level variance is
on the probability scale whereas the hospital-level var-
iance is on the logistic scale. To solve this technical dif-
ficulty the linear threshold approximation has been
proposed [16] and its solution is to convert the patient-
level variance from the probability scale to the logistic
scale. The method assumes that the propensity to die is
a continuous latent variable and only those patients
whose propensity crosses a certain threshold will die as
defined by the binary outcome. The unobserved patient
variable follows a logistic distribution with patient-level
variance equal to 3.29. On this basis, the ICC is calcu-
lated as:
ICC =
τ2
τ2 +3 . 2 9
(3)
where τ
2 is the estimated variance of the random
effect of hospital.
In the marginal model, the working correlation struc-
ture is the mechanism that accounts for ICC, and the
parameter r can be interpreted as a measure of intra-
hospital correlation in mortality outcomes. There is a
subtle distinction between r and the ICC defined in (3)
for the conceptual propensity-to-die variable. It has
been shown that r in a marginal model is smaller than
ICC in the corresponding multilevel model when there
are a small number of clusters [38].
For a binary outcome like mortality, the term ICC can
be difficult. Conceptual problems with the ICC (it is a
concept from linear regression that has no exact equiva-
lent for logistic regression), interpretational issues as
outlined above, and generalisability problems (ICC
depends on outcome prevalence) are some of its limita-
tions. Similarly, τ
2, the inter-hospital variation in mortal-
ity, is difficult to interpret because it is on a log-odds
scale [39,40].
The median odds ratio (MOR)
The MOR is potentially easier to interpret than the ICC
because it expresses inter-hospital variance on the OR
scale, on which the effects of risk factors are also
interpreted.
MOR is defined for a multilevel model as the median
of the set of odds ratios that could be obtained by com-
paring two patients with identical patient-level charac-
teristics from two randomly chosen, different hospitals,
i.e. different in hospital random effect value [31,32]. The
MOR is the median odds ratio between the patient in
the hospital with higher mortality propensity and the
patient in the hospital with lower mortality propensity.
The MOR is a measure of variation between the mor-
tality rates of different hospitals that is not explained by
the modelled risk factors. The MOR can be shown [41]
to be simply related to τ
2 as
MOR = exp

2 × τ2 × 0.6745
	
≈ exp(0.95τ) (4)
where τ
2 is the hospital-level variance. If the MOR is
1, there is no variation between hospitals. If there is
considerable between-hospital variation, the MOR will
be large.
Because the two measures of inter-hospital variation,
τ
2 and ICC, are difficult to interpret [31] the MOR is
considered as an alternative measure. While ICC and
MOR have a direct relationship due to their shared
basis on τ
2, the different functions of that inter-hospital
variation give rise to usefully distinct interpretations.
The 80% interval odds ratio (IOR-80%)
The interpretation of hospital-level effects in multilevel
model has been highlighted as problematic. In multilevel
models, contrary to patient-level risk factors, hospital-
level risk factors only take one value in each hospital and,
consequently, it is necessary to compare patients from
different hospitals to quantify hospital-level associations
with outcome [41,42]. A multilevel model odds ratio for
a hospital-level risk factor needs to be interpreted as the
effect of the risk factor given a comparison between two
hospitals of identical random effect value whose mortality
probabilities differ only with regard to the risk factor
under consideration.
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generally, the unexplained between-hospital variability
needs to be taken into account. The IOR-80% achieves
this by incorporating both the fixed hospital-level risk
factor effect and the unexplained between-hospital het-
erogeneity in an interval. IOR-80% shows the impact of
hospital-level variables on mortality when comparing
hospitals with different ui values.
To understand the calculation of the IOR-80%, consider
all possible pairs of patients with identical patient-level
risk factors from different hospitals but who differ by one
unit in a hospital-level risk factor (e.g. one patient in a
teaching hospital, the other in a non-teaching hospital).
For each pair, the OR between the two patients is calcu-
lated, thereby obtaining a distribution of ORs. The IOR-
80% is defined as the interval around the median of the
distribution that comprises 80% of the OR values. In prac-
tice, the lower and upper bounds of the IOR-80% can be
computed using the approximation
IOR − 80%lower
upper
= exp


β ± 1.2816

2 × (τ2)

≈ exp(β ± 1.81τ) (5)
where b is the regression coefficient for the hospital-
level variable, τ
2 is the hospital-level variance, and the
values -1.2816 and +1.2816 are respectively the 10th and
90th centiles of the standard normal distribution.
From equation (5), a small amount of between hospital
variation, τ
2, will lead to a narrow IOR, whereas large τ
2
leads to wider intervals. The combination of τ
2 with the
effect of the hospital-level risk factors in (5), indicates
that the IOR-80% will contain 1 if the value of τ
2 is large
compared to the effect of the hospital-level risk factors.
Model estimation
To fit the ordinary logistic regression model, maximum-
likelihood was used with the Stata [43] (version 11) logistic
command. The marginal logistic regression model was
fitted with Stata’s xtgee command and multilevel models
were fitted using adaptive quadrature with 12 integration
points to evaluate and maximize the marginal log likeli-
hood by Stata’s xtlogit command.
Results
The cohort consisted of 32,354 patients on the ASCTS
registry admitted to 18 hospitals from 2001-2009. Patient
mean age was 65.5 years (SD 12.5); 27.7% were female.
Table 1 includes further patient characteristics. The
number of cardiac surgeries ranged from 151 to 5314
across hospitals (Table 2). Figure 1 shows that variation
in mortality rates across hospitals was considerable with
rates in the range 1.0 to 4.1%.
Table 3 contains the odds ratios and 95% CIs for the
effects of patient and hospital characteristics from the
ordinary, marginal and multilevel logistic regression
models. Overall the 95% CIs for hospital-level variables
in the marginal and multilevel model were wider than in
the ordinary logistic regression, reflecting the between-
hospital heterogeneity that is erroneously not accounted
for in the latter model (Figure 2). In particular the effect
of median annual number of cardiac surgeries was statis-
tically significant in ordinary logistic regression, but not
in the other models.
In the marginal model the correlation between mortal-
ity outcomes for any two patients from the same hospital
was r = 0.002 suggesting a weak positive association. The
multilevel model estimated that the proportion of the
variance in 30-day mortality between hospitals was 1%
(ICC = 0.01). From the multilevel model it was estimated
that if a patient moved to another hospital with a higher
probability of mortality, the median increase in their
Table 1 Patient characteristics from a cardiac surgery
registry 2001-2009
Patient characteristics Frequency Percent
Age (years)
< 60 8954 27.6
60 to 70 9434 29.2
70 to 80 10695 33.1
80+ 3271 10.1
Gender
Male 23385 72.3
Female 8969 27.7
The New York heart association class
I&II 22470 69.4
III 7245 22.4
IV 2639 8.2
Urgency of procedure
Elective 19869 61.4
Urgent 10665 33.0
Emergency/salvage 1807 5.6
Ejection fraction estimate (%)
Mild (> 45) 21919 80.0
Moderate (30-45) 3828 14.0
Severe (< 30) 1656 6.0
Hypercholesterolaemia 22072 68.6
Preoperative dialysis 523 1.6
Previous cardiac surgery 2776 8.6
Procedure type
CABG 19907 61.6
Valve(s) 4571 14.1
Valve(s)+CABG 3367 10.4
Other 4472 13.8
Inotropic medication 888 2.8
Peripheral vascular disease 3583 11.1
Body mass index (kg/m
2)
< 25 9077 28.1
25+ 23277 71.9
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est effect compared to patient-level risk factor effects in
Table 2 but comparable to the hospital-level fixed effects
in Figure 2.
Interpretation of the hospital-level effects estimated
from marginal logistic regression (OR = 1.2, 95%CI,
(0.9-1.5))was that, on average, the odds of mortality for
patients in teaching hospitals increased by 20% com-
pared to that of patients in non-teaching hospitals. In
comparison, the multilevel logistic regression odds ratio
of 1.3, 95%CI, (0.8-1.9) for the same parameter says that
if comparing two patients with identical risk factors, one
treated in a teaching hospital and one treated in a non-
teaching hospital, and with those hospitals otherwise
identical with regard to mortality risk, then the odds of
mortality was increased 1.3-fold for the patient in the
teaching hospital. The magnitude of these effects may
be of high importance clinically but the difficulty in
interpretation, particularly with regard to the existence
of hospitals with identical underlying mortality risk, may
limit their usefulness.
The IOR-80% for academic affiliation was 0.8 to 1.8
which provides the further insight that, when comparing
two randomly chosen patients with identical risk factors,
one from a teaching hospital, the other from a non-
teaching hospital, and those hospitals possibly differing
in other ways regarding mortality risk, the odds ratio for
the comparison will, with 80% probability, lie between
0.8 and 1.8. In other words, even disregarding the uncer-
tainty inherent in sampling that can be incorporated in
confidence intervals, the wide IOR-80% reflects consider-
able uncertainty in the impact of hospital academic
affiliation on patient-level mortality risk due to substan-
tial residual variation in mortality between hospitals that
was not accounted for by either academic affiliation or
median annual number of cardiac surgeries or patient-
level characteristics included in the regression model.
Table 2 Total number of cardiac surgeries, median of the annual number of cardiac surgeries, number of deaths
within 30-days of surgery, and mortality rates in 18 hospitals 2001-2009 by academic affiliation status
Hospital The median annual number of cardiac surgeries No. of surgeries* No. of deaths Mortality rate (%)
Teaching
1 310 1174 37 3.15
2 163 326 10 3.07
3 195 780 8 1.03
4 147 294 6 2.04
5 147 470 17 3.62
6 293 1083 44 4.06
7 209 418 8 1.91
8 512 4361 176 4.04
9 437 3729 123 3.30
10 418 3291 129 3.92
11 284 1131 27 2.39
12 332 2753 93 3.38
13 402 3206 106 3.31
14 649 5314 97 1.83
15 324 1291 28 2.17
Non-teaching
16 475 1723 47 2.73
17 75 151 4 2.65
18 172 859 23 2.68
* Not all hospitals reported for all 9 years in the period 2001-2009
Figure 1 Mortality within 30-days of cardiac surgery in
teaching and non-teaching hospitals. The area of their circle is
proportional to the number of surgeries in each of the 18 hospitals.
Sanagou et al. BMC Medical Research Methodology 2012, 12:28
http://www.biomedcentral.com/1471-2288/12/28
Page 6 of 10The IOR-80% for the median of the annual number of
cardiac surgeries was 0.6 to 1.3. Hence when comparing
two randomly chosen patients with identical risk factors
except for treatment at respective hospitals which dif-
fered by 100 in their median annual number of cardiac
surgeries, and possibly differing in ui values, the odds
ratio for the comparison will, with 80% probability, lie
between 0.6 and 1.3. As for academic affiliation, this is a
wide IOR-80%.
Discussion
This paper examined the application and interpretation
of ordinary, marginal and multilevel logistic regression
for explaining between-hospital heterogeneity in 30-day
mortality outcomes following cardiac surgery in Austra-
lian hospitals.
While this paper focused on the three measures, ICC,
MOR and IOR_80%, there are other measures of variance
and clustering. Alternating logistic regression [44], ALR,
is a method for a statistical index of patient clustering in
the form of pair-wise odds ratio. The proportional
change in variance [45] is another measure that could be
used for explaining variance across hospitals by patient
characteristics. While we interpret r as an estimate of
ICC, this correlation between pairs of binary outcomes
can be of particular interest in twin or longitudinal data
[46]. The relative strengths of ALR, multilevel and mar-
ginal logistic regression have been examined by others
[47].
Appropriately reflecting the between-hospital hetero-
geneity, the 95% confidence intervals for hospital-level
variables in the marginal and multilevel model were
wider than in the ordinary logistic regression. The MOR
translated the impact of the between-hospital residual
variability to an effect describing relative mortality risk
of patients form different hospitals. The IOR-80% for
Table 3 Ordinary, marginal and multilevel logistic regression results: Odds ratios, OR, describing associations with
30-day mortality for patient-level and hospital-level characteristics
Risk factor Ordinary Marginal Multilevel*
OR 95% CI OR 95% CI OR 95% CI
Patient-level
Age group (< 60 y, reference group):
60-70 y 1.5 (1.2,2.0) 1.5 (1.2-1.8) 1.5 (1.2,2.0)
70-80 y 2.7 (2.1,3.4) 2.4 (2.0-3.0) 2.7 (2.1,3.3)
80+y 3.6 (2.8,4.8) 3.3 (2.7-4.5) 3.7 (2.8,4.9)
Gender (female vs. male) 1.3 (1.1,1.6) 1.3 (1.1-1.5) 1.3 (1.1,1.6)
NYHA Class (I&II, reference group):
III 1.3 (1.1,1.6) 1.3 (1.1-1.6) 1.4 (1.1,1.6)
IV 1.7 (1.4,2.1) 1.6 (1.3-2.0) 1.7 (1.4,2.2)
Urgency of procedure (elective, reference group):
Urgent 2.0 (1.6,2.4) 1.8 (1.5-2.2) 2.0 (1.6,2.4)
Emergency/salvage 5.4 (4.3,7.0) 4.9 (4.0-6.0) 5.5 (4.3,7.0)
Ejection fraction estimate (Mild, > 45%, reference group):
Moderate (30-45%) 1.4 (1.2,1.8) 1.3 (3.0-1.6) 1.4 (1.2,1.8)
Severe (< 30%) 2.3 (1.8,2.9) 2.2 (1.8-2.7) 2.3 (1.8,2.9)
Hypercholesterolaemia 1.0 (0.8, 1.1) 1.0 (0.8-1.1) 1.0 (0.8,1.2)
Preoperative dialysis 2.2 (1.5,3.2) 2.2 (1.5-3.0) 2.2 (1.5,3.2)
Previous cardiac surgery 1.6 (1.3,2.0) 1.6 (1.3-2.0) 1.7 (1.3,2.0)
Procedure type (CABG, reference group):
Valve(s) 1.7 (1.3, 2.2) 1.6 (1.2-2.0) 1.7 (1.3, 2.2)
Valve(s)+CABG 2.2 (1.8, 2.8) 2.0 (1.6-2.6) 2.2 (1.8, 2.8)
Other 3.4 (2.7,4.1) 3.0 (2.4-3.7) 3.4 (2.8,4.2)
Inotropic medication 3.1 (2.4,3.9) 3.0 (2.4-3.7) 3.2 (2.5,4.1)
Peripheral vascular disease 1.7 (1.4,2.1) 1.6 (1.3-2.0) 1.7 (1.4,2.0)
Body mass index (25+ vs. < 25 kg/m
2) 0.8 (0.7,1.0) 0.9 (0.7-1.0) 0.8 (0.7,1.0)
Hospital-level
Academic affiliation (teaching vs. non-teaching) 1.2 (0.9,1.7) 1.2 (0.9-1.5) 1.3 (0.8,1.9)
Median of the annual number of cardiac surgeries 2001-2009, per 100 surgeries 0.88 (0.83,0.94) 0.93 (0.9-1.0) 0.91 (0.82,1.1)
*The estimated hospital-level variance, τ
2, was 0.04.
*The estimated hospital-level variance, τ
2, was 0.04
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surgeries were relatively wide, reflecting the large unex-
plained variation between hospitals in mortality. The
i n c l u s i o no fO R=1i nb o t hi n t e r v a l ss u g g e s t e da n
inability of hospital-level risk factors to add meaning-
fully to explaining variation in mortality rates.
Marginal models do not require any distributional
assumptions beyond correctly modelling the mean (aver-
age) outcome, yet when combined with robust standard
errors they can provide appropriate inferences. They
estimate within-hospital dependency, but do not directly
estimate variance components. A methodological limita-
tion of relevance here is that the robust standard errors
are underestimated by marginal models for studies with
a small number of hospitals, especially if the numbers of
patients per hospital are severely unbalanced. Using
bootstrap methods for estimating standard errors is an
alternative approach [41,48-50].
In contrast, the most straightforward interpretation of
hospital to hospital variability in mortality came from
the MOR in the multilevel model. Being on the odds
ratio scale, the MOR allows unexplained hospital to hos-
pital variability to be directly compared with patient-
level and hospital-level risk factor effects. Using IOR-
80% for measuring the association between the hospital-
level risk factors and mortality, the between hospital
heterogeneity becomes relevant for understanding the
real impact of hospital-level risk factors.
In previous studies, for assessing hospital-level charac-
teristics on mortality, ordinary and multilevel logistic
regression were compared but ICC, MOR and IOR-80%
were not reported,[51,52] or only ICC provided [23].
Multilevel and marginal methods address different
questions and the choice of method needs to be made
according to the research objective. Multilevel models
are best equipped to address questions relating to modi-
fication of a particular hospital [29]. A marginal
approach does not make specific use of within-hospital
information for hospital-level covariates [29]. For exam-
ple, in a study assessing hospital-level characteristics on
mortality after acute myocardial infarction the OR point
estimates were of interest more than their statistical sig-
nificance, so an ordinary logistic regression model was
applied for its greater familiarity and hence comprehen-
sibility [53]. The marginal model is recommended if the
aim is estimation of the effects of patient-level risk fac-
tors while adjusting for between hospital heterogeneity.
Marginal logistic regression with the exchangeable
working correlation matrix has been used for patients
within surgical centres [26] where the study goal was to
determine the relationship between in-hospital mortality
after coronary artery bypass graft surgery.
For specific hospital interpretation or hospital ranking
the multilevel model is recommended [54,55]. In a study
for comparing neonatal mortality in low- and high-risk
deliveries in different hospitals MOR and IOR-80% were
Figure 2 Odds ratio estimates and 95% CIs derived from conventional, marginal and multilevel logistic regression for 30-day
mortality for academic affiliation and median annual number of surgery.
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Page 8 of 10reported [56] however use of these two statistics has not
extended to cardiac surgery outcome analysis.
Conclusion
This paper outlines the application and interpretation of
marginal and multilevel modelling to patient-level car-
diac surgery outcomes observed across multiple hospi-
tals. The interpretation of hospital-level risk factors
differs between methods and the subtleties of the inter-
pretations have been clarified.
Choosing between a marginal or multilevel model
depends on the goals of the analyses. Knowing the
assumptions of each method and how these assumptions
affect the inferences from the analysis will enable research-
ers to determine the best approach to analysing their data.
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